Introduction
Recently, unmanned aerial vehicles (UAVs) have gained worldwide attention. Because the safety of people on board does not need to be considered, small UAVs can easily be made for low-cost. Therefore, a UAV can be used to observe disasters, to surveil for a long time, and so on. However, it also has several disadvantages such as unreliability and worse performance in unexpected situations. Because small UAVs must be easily made for lowcost, adding a redundant on-board actuator or sensor in order to deal with unexpected situations is unsuitable. Thus, several researchers have proposed a flight control system using a software redundancy approach. For fault detection, methods using multiple-model adaptive estimation (MMAE) (Guillaume Ducard & Hans P. Geering, 2008) , and system parameters (Mohammad Azam et al, 2005) have been proposed. However, because these methods design a model or parameters for only each assumed fault in designing, unexpected faults cannot be detected. On the other hand, another method discriminates between faults and natural disturbances like gusts of wind. (Jovan D. Boskobic et al, 2005) However, this is not easy because the expected disturbances are assumed in designing. Currently, the demand for a UAV flight control system is to discriminate between faults and natural disturbances fundamentally with a simple algorithm. In this research, an intelligent flight control system was developed that can discriminate between faults and natural disturbances in order to evaluate and deal with the situation. In the proposed control system, an evaluator of flight conditions was designed on the basis of the dynamics of a controlled object. Moreover, to deal with the situation adaptively, a new flight-path-planning generator was introduced on the basis of the evaluation. In this study, each subsystem was designed by a neural network. Moreover, the learning-based systematical design method was developed that uses evaluation functions for the subsystems. To verify the effectiveness of the proposed flight control system, a six-degreeof-freedom nonlinear simulation was carried out.
Aircraft motion
The UAV treated in this research is a double-delta-wing UAV shown in Fig. 1 . The coordinate system is defined in Table 1 . The motion equation of an aircraft is derived from Newtonian dynamics. Six-degree-of-freedom nonlinear equation of motion is shown in Eq. (1). (1) is used in the numerical simulation. In contrast, the linearized model based on Eq. (1) is used to design the controller. Many of parameters of motion equation are decided on the basis of the wind-tunnel experiment. The parameters that cannot be acquired in the experiment are estimated by the method using nonlinear function. (Kato et al, 1982) Each elevon steerage angle of the double-delta-wing UAV is expressed in Eq. (2) 
Fault-tolerant system
The block diagram of the proposed intelligent fault-tolerant flight control system is shown in Fig. 2 . It is composed of fault detection, fault identification, and fault accommodation (FDIA). In this section, the brief summary of each system is represented.
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Fault detection
Fault detection is to distinguish faults from natural phenomena like gusts of wind. To achieve this, this research focused on how each influence on the dynamics of an aircraft, and then an estimator and a detector were designed. The estimator can estimate the ideal state of an UAV. The detector evaluates the flight conditions of an UAV by using the error information between the observed and estimated values.
Fault identification
Fault identification is to locate a broken actuator. To achieve this, an identifier was designed. Generally, to identify a fault, a method is used that sets a threshold value of error www.intechopen.com information between an actuator command and a steerage value. However, this method depends on designer's thought, and inevitably the design work gets into trial and error. By contrast, this research focused on the nonlinear mapping ability of a neural network to flexibly respond to changes.
Fault accommodation
Fault accommodation is to stabilize the flight conditions of an UAV when a fault emerges. To achieve this, a distributor and a flight path generator were designed. The distributor switches the distribution matrix that sends a control command to actuators on the basis of the location of a broken actuator. This countermeasure results in the maximum application of the remaining actuators. The flight path generator generates a new flight path which automatically takes account of both flight stability and following capability of mission trajectory on the basis of the evaluation result.
Specific design of each component

Guidance and control
In this research, a coupled motion between longitudinal and lateral-directional is controlled. This is because the roll angular velocity is controlled by limiting the derivative value of the bank angle command. Therefore, the motion of UAV can be separated into longitudinal and lateral-directional motions. In the guidance and control system, longitudinal guidance, lateral-directional guidance, longitudinal control, and lateral-directional control were designed separately. The guidance and control laws were designed by multiple delay model and multiple design point (MDM/MDP) method. The block diagram of longitudinal guidance, lateral-directional guidance, longitudinal control, and lateral-directional control are shown in Figs. 3 to 6.
Estimator
The estimator achieves nonlinear dynamics of the UAV approximately by using nonlinear mapping ability of feedforward-type neural network. It estimates next state vectors of the UAV from previous state vectors and actuator steerage commands. The structure is three-layer neural network shown in Fig. 7 . Input layer has 15 neurons, hidden layer has 18, and output layer has 9. In Fig. 4 , the index of "obs" means the observed value, the index of "cmd" means the actuator steerage command, and the index of "est" (3) to (5), where each "tansig" and "purelin" means tangent-sigmoid function, linear function shown in Eqs. (6) and (7) respectively. In Eqs. (3) to (5), net i , net j , and net k mean the input of input layer, hidden layer, and output layer respectively. In addition, back propagation (BP) is applied for the learning of neural network. The flight data acquired with the six-degree-of-freedom nonlinear simulation is used as a teach signal.
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Detector
The detector discriminates the influence of fault on the UAV from that of natural disturbance such as gusts of wind by focusing on the impact on the dynamics of the UAV. It uses the error between observed value and estimated value as the information about the dynamics of the UAV. Moreover, the error between actuator steerage command and the real actuator steerage angle is used for the evaluation of the flight condition. The derivative of bank angle is also used. Because input-output characteristic is unknown, the structure of the detector is three-layer neural network shown in Fig. 8 . Input layer has 10 neurons, hidden layer has 20, and output layer has 1. The transfer functions of each layer are shown in Eqs. (8) 
Because there is no explicit teach signal, a genetic algorithm (GA) was applied for the learning of neural network. In GA, 50 individuals that encode the connection weight of a neural network were prepared. Both fitness proportionate and elite selection strategies were used. Moreover, with repeating random crossover and mutation, the individual that had the highest fitness was acquired. 3 cases about gust in different directions and 9 cases about left elevon-1 fault in different angles are used as the simulation case. Both gusts of wind and fault are occurred in horizontal flight. The fitness function is shown in Eq. (11), where d t is the detection time, failure t is the initiation time of fault, and d a is the constant value of detector for evaluation. In the evaluation, to detect the fault more quickly has higher score. In addition, in the gusts of wind cases, when the detector did false detection, the value of fitness function becomes zero. 
Identifier
The identifier locates where the broken actuator is by using the information of both actuator steerage command and actuator steerage angle. Neural network shown in Fig. 9 is located in each actuator and the location of broken actuator is identified by the outputs of each neural network. Because input-output characteristic is unknown, the structure of the identifier is three-layer neural network. Input layer has 3 neurons, hidden layer has 18, and output layer has 1. The (12) to (14). GA is applied for the learning of neural network. As the simulation case, 9 cases about left elevon-1 fault in different angles happened in horizontal flight are used. Equation (15) is the fitness function, where i t is the identification time, failure t is the initiation time of fault, and i a is the constant value of identifier for evaluation. In the evaluation, to identify the location of broken actuator more quickly has higher score.
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Distributor
The distributor switches the distribution matrix by using the outputs of the detector and the identifier. When the distribution matrix was changed, the elevator, aileron, and rudder commands from the control system are divided into 5 actuator commands (left elevon-1, left elevon-2, right elevon-1, right elevon-2, and rudder) to separate the broken actuator. The switching algorithm is to change the command for the broken actuator to zero and to realize the maximum use of the remaining actuators. The structure of the distributor is shown in Fig. 10 . 
Flight path generator
The flight path generator is located in parallel with the guidance system. It generates a new flight path which considers both flight stability and following capability of mission trajectory under the condition where the elevon fault is occurred. In general, there are two turning methods. One is to use a bank angle and the other a sideslip angle. To assure robustness against the rudder fault, the turning method using the bank angle was adopted in the guidance system. On the other hand, to assure robustness against the elevon fault, the turning method using the sideslip was adopted in the flight path generator. Generally, because drag increases when the sideslip angle is allowed to changes in the turning flight, too much energy is used. However, the emergency situation such as an elevon fault is an exception because keeping the flight stable is more important than saving energy. Therefore, the flight path generator has been designed that enables the sideslip angle to change. The flight path generator calculates the desired sideslip angle command by using Eq. (16) 
Because input-output characteristic is unknown, the structure of the flight path generator is three-layer neural network shown in Fig.11 . Input layer has 6 neurons, hidden layer has 1, and output layer has 1. The input signals of the flight path generator are the signals from both the detector and the identifier which are integrated in a given time. The transfer functions of each layer are shown in Eqs. (17) are respectively the simulation time, the initiation time of fault , and the time when the error value between the real height and that of mission trajectory is controlled within the constant value. In the evaluation, both the following capability of mission trajectory and the flight stability are evaluated. In addition to Eq. (20), the termination conditions are also evaluated. When the simulation was stopped because of the termination condition except for (A), the value of fitness function becomes zero because the stability is lost. 
Numerical simulation
Simulation condition
The effectiveness of the proposed intelligent fault-tolerant flight control system was verified with the six-degree-of-freedom nonlinear simulation. The airframe model, external environment model, and guidance/control law were considered as a mathematical model in the simulation. In the airframe model, the actuator characteristic was expressed using the second order time delay model with restrictions of position and velocity. In addition, the characteristic of sensor was assumed to be ideal that there were no errors in both static and dynamic conditions. As the external environment model, only wind was used. The constant wind model was constructed by using the MIL-F-9490D method applied to the ALFLEX simulation. (NAL/NASDA ALFLEX Group, 1994) It considered the difference of the airframe size by multiplying the scale-dependent constant value. The actuator-fixed fault such as Lock-in-place, Hard-over and Float was adopted as the actuator fault model. (Jovan D. Boskobic et al, 2005) As the mission trajectory, turning above devastated district in constant height to observe was applied. It is shown in Fig. 12 . In this mission, the UAV flaw at the height of 30m in the velocity of 20m/s and the constant wind was from +x direction. The gusts of wind was expressed by changing the scale-dependent constant value of constant wind in 3 seconds. (Kohichiroh Yoshida et al, 1994) In addition, not only the learned fault, left elevon-1 fault, but also non-learned fault, rudder fault, was considered. The conditions of fault and gust are represented in Table 2 . In the simulation, the proposed intelligent fault-tolerant flight control system and the flight control system designed by MDM/MDP method were compared. 
Simulation results
In this section, the simulation results under the condition shown in section 5.1 are represented. First, Figs. 13 to 19 respectively show the results under the conditions where the left elevon-1 was fixed at 9 degree for the flight trajectory, the time history of bank angle, sideslip angle, and actuator steerage. In addition, Table 3 shows the effective area. Second, the results for detection, identification, and accommodation are shown. The output of the detector and the identifier are respectively shown in Figs. 20 and 21. Figure 22 shows the relationship between the fixed angle of broken elevon and the y-direction target value generated by the flight path generator. Moreover, the coherence functions between the observed value and the estimated value for velocity u and angular velocity q are compared under the conditions of a fault and gust of wind in Figs. 23 and 24 . Finally, Figs. 25 and 26 show the results under the condition where the rudder was fixed at -8 degree for the flight trajectory and the time history of actuator steerage.
Evaluation
From the results in Figs. 13 to 19 , we confirmed how each method deals with the fault in which the elevon is fixed at the angle. The conventional system generates a bank angle command and achieves a turning flight by using an elevon. On the other hand, the proposed flight control system stabilizes the airframe by using redundant elevon in horizontal flight as soon as the fault happens. After that, it generates a sideslip angle command and achieves a turning flight by using a rudder. The results in Figs. 13, 15, 17, and 19 , confirm that the vibration motion is generated in the horizontal flight after turning flight by using the proposed method. This vibration frequency is about 0.067 Hz. This is because the resonation with the vibration occurs at the longitudinal short cycle mode and the lateral-directional dutchroll mode when the turning flight is changed to the horizontal flight in order to deal with the fault. However, this vibration fits into the stable area of both an attack angle and a sideslip angle that is established when designed and shown in section 4.6 as the termination conditions. Therefore, the vibration is considered to be an allowable range. From the results in Figs. 25 and 26, we confirmed that the proposed flight control system generates a bank angle command and achieves a turning flight by using an elevon when a rudder fault happens. These results confirm that the proposed system can detect, identify and accommodate both learned and non-learned faults.
From the simulation results, we confirmed that the proposed flight control system can stabilize the airframe in fault situations shown in Table 3 . Figure 20 shows the output of a detector which means the evaluation value of a flight condition. We confirmed that the detector can distinguish the fault from the gust of wind. The flight control system can distinguish between the fault and the gusts from various directions because a number of directional gusts are considered in the learning of neural network. Figures 23 and 24 show that the gust has a wider range of frequency where the coherence function takes the value of approximately 1 than the fault. If the disturbance is estimated, the motion of the system is the same as the model assumed when the control system is designed. On the other hand, the motion of the system with the fault is different from the assumed model. Therefore, the proposed model-based detector can accurately detect faults. Figure 21 shows the output of an identifier which means the evaluation value of the fault position. It was confirmed that the proposed identifier can identify the fault position because only the broken actuator indicates the abnormal value. Figure 22 shows the performance of a flight path generator. The horizontal axis indicates a fixed angle of a broken elevon and the vertical axis indicates a new target value of y direction that is calculated by the flight path generator. The results confirm that the higher the level of a fault, the gentler the turning based on a new target value generated by the flight path generator. In this research, the actuator error between the stable and the broken conditions means the fault level. Moreover, the error from a mission trajectory is considered in the evaluation function. Therefore, the proposed flight control system can generate a suitable target value of turning in accordance with the situation. The proposed flight control system focuses on the change in dynamics caused by a fault. It is designed by considering the elevon fault that enormously influences the airframe because an elevon plays the roles of both an aileron and an elevator. The simulation results confirm the proposed system can perform well in both learned and non-learned fault situations.
Conclusion
This research aimed at proposing an intelligent fault-tolerant flight control system for an unmanned aerial vehicle (UAV). In particular, the flight control system was developed that has estimator, detector, identifier, distributor, and flight path generator. The proposed system distinguishes a fault from a disturbance like a gust of wind and automatically generates a new flight path suited to the fault level. To verify the effectiveness of the proposed method, a six-degree-of-freedom nonlinear simulation was carried out. In the simulation, we assumed that the fault in left elevon-1, which was learned in designing each neural network, or the fault in the rudder, which was not learned, would be generated in a horizontal flight. The simulation results confirm that the proposed flight control system can detect, identify and accommodate the fault and keep a flight stable. Moreover, the proposed system can distinguish a fault from a gust and keep a flight stable automatically. It is expected that the proposed design method can be used in broader flight areas by expanding the learning area.
